Abstract-This paper explored a non-laboratory approach to effectively predict relative physical activity intensities using regression algorithms on multimodal physiological data. 22 participants completed 5 to 7 physical activity sessions where each session consisted of 5 activity trials ranging from sedentary to vigorous. During the trials, participant's heart rate (HR), r-r interval (RR), electrodermal activity (Eda), and body temperature (Temp) were recorded using wearable sensors. Immediately after each trial, participants provided their rating of perceived effort (RPE) using the 6-20 Borg scale. This work used both person-level features and features extracted from each of the sensor modality; followed by a feature selection step. Then, using leave-one-subject-out cross-validation, two regression algorithms including linear regression, and support vector machine regression were applied separately on each modality features and all possible modality features combinations. The results showed that both regression algorithms produced similar accuracy. In terms of the usefulness of a single modality, features extracted from RR provided highest prediction performance compared to any other single modality. However, combination of Eda and Temp features fused with RR features produced the best overall performance, confirming the benefits of using multi-modal data.
I. INTRODUCTION
With the advent of mobile and wearable sensors, an opportunity has emerged for healthcare providers and researchers to empower people to take care of their wellness by providing them with timely and personalised support. Sensors are increasingly being linked to computing technologies, such as websites and smartphones, to process the data and provide unique opportunities for the delivery of personalised and adaptive interventions to physical activities (PA) [1] [2] [3] [4] . These technologies can be used to collect realtime response of users efficiently and unobtrusively by tracking the frequency, intensity, and duration of physical activity. Such features enable users to record, view and share PA status with their health practitioners.
Extensive PA intervention research in [5] demonstrated an opportunity to provide a personalised behavior treatment using adaptive goal and feedback to increase individual's level of PA performance. However, there is a risk to cause individuals to perform exercise at a level that is neither safe Alok Kumar Chowdhury is with the Science and Engineering Faculty, Queensland University of Technology, Brisbane, Australia (corresponding author, phone: +61420467077; e-mail: alok.chowdhury@qut.edu.au).
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Jinglan Zhang is with the Science and Engineering Faculty, Queensland University of Technology, Brisbane, Australia (e-mail: jinglan.zhang@qut.edu.au). nor effective; because adapting PA intervention to the individual's PA performance capacity is still a challenging task due to the individual fitness level that affects the biomechanical, physiological, and psychological responses associated with PA. Therefore, a system needs to consider individual's aerobic fitness, age or health status to produce a more accurate PA level recommendations.
PA intensity is one of the crucial PA measurement parameters which can be defined in either relative or absolute terms. Absolute intensity considers the external workloads for a particular PA, usually refers to the energy cost of a specific activity expressed as multiples of resting metabolism or Metabolic Equivalents (METs). The relative PA intensity, on the other hand, personalise PA intensities based on the person's fitness or capacity. In relative terms, moderate intensity physical activity is typically defined as 40% to 60% of maximal aerobic capacity or an RPE of 12 -14 [6, 7] . It means, to achieve moderate intensity physical activity based on absolute intensity, individuals with a lower aerobic capacity are required to work significantly [8] . Thus, a significant proportion of individuals with limited aerobic capacity are often not exercising at a high enough intensity.
To date, research efforts to quantify PA and their intensities are mostly based on the accelerometer sensors [9] [10] [11] . Accelerometers are only able to capture external workloads, therefore can be used for calculating absolute intensity [4, 8, 11] . In order to determine relative PA intensity, operationalising intensity as a percentage of maximal oxygen uptake is considered the gold standard, but this is not feasible in most situations because its measurement needs sophisticated instruments and lab-based individual calibration. Self-rated perceived exertion scales, e.g. Borg's rating of perceived exertion (RPE) for adults [12] and OMNI perceived exertion scale for children [13] , are widely used and valid indicators of relative physical activity intensity. However, they are not usable in automated scenarios as they need manual involvements to enter data.
Using sensors, manual entries can be avoided or reduced. Relative intensity can be measured using heartrate, such as percentage of HR reserve (% HRR) or percentage of HR max (% HR max) [14, 15] 
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Alok Kumar Chowdhury, Dian Tjondronegoro, Jinglan Zhang, Puspa Setia Pratiwi and Stewart G. Trost more objective and suitable for predicting moderate to vigorous relative intensities, they are not effective for low relative intensities [16] . Moreover, these approaches require knowledge of HR max for which commonly used age-related prediction equations are subject to considerable measurement error [17, 18] . In addition to heartrate, some other modalities of physiological data, including electrodermal activity (Eda) and body temperature (Temp), can be easily obtained using wearable sensors. These physiological indicators can provide valuable information about the metabolic demand of exercise, and can also be used to predict relative PA intensity. However, to the best of our knowledge, the use of multiple modalities of physiological data for relative intensity prediction has not been previously investigated. This paper presents a study to effectively predict the relative intensity using multimodal physiological sensor data (heart-rate, rr-interval, Eda and Temp), and applied two regression algorithms (linear regression and support vector machine regression) to explore all combinations of the sensor data. Our experiments were based on a real-world (nonlaboratory) dataset, collected from 22 people, where Borg's RPE scale was used as a measure of relative intensity. The key contribution of this paper is to identify: 1) the best single modality feature and, 2) the best combination of modality features for predicting PA relative intensity.
II. DATASET COLLECTION
This study recruited 22 adults (mean age = 29.8 ± 3.2 yrs; BMI = 25.3 ± 2.6; male = 77.3%) to perform 5 to 7 sessions of PA trials. To be eligible for the study, participants needed to be between 18 to 40 years of age and sufficiently healthy to perform PA by completing Physical Activity Readiness Questionnaire for Everyone (PAR-Q+).
Each session was performed in the park and consisted of five structured PA trials ranging from sedentary to vigorous intensity: quiet sitting and standing (5 mins), comfortable walk (5 mins), brisk walk (5 mins), jogging (3 mins), and running (2 mins). Sufficient recovery time was provided between each activity trial.
Before the first session, participants provided basic profile information such as age, sex, height, and weight. PA status (sedentary, insufficiently active, sufficiently active) was measured using the Active Australian Survey [19] .
During each session, participants wore an Empatica E4 smart watch on non-dominant wrist, and a Polar H7 chest strap HR monitor. The Empatica E4 captured electrodermal activity (Eda) and body temperature (Temp). The sampling rate for Eda and Temp data were 4 Hz. The Polar HR monitor recorded HR at a sampling rate of 1 Hz and the RR-interval data.
Relative intensity was measured using the Borg RPE scale [12, 20] . The Borg's 6-20 scale, shown in Figure 1 , reflect how heavy and strenuous the PA feels to someone, linking all sensations and feelings of physical stress, effort, and fatigue. Rating 6 represents "no exertion at all" and 20 represents "maximal exertion". Each number describes a different level of exertion. The scale was presented and explained to the participants before performing the session. Immediately after each trial, participants rated their perceived exertion using the scale.
The data collection protocol was approved by the Office of Research Ethics and Integrity of the Queensland University of Technology (Ethics number: 1500000962).
III. METHOD

A. Pre-processing
A moving average filter with a span of 5 was applied on the HR, RR, Eda, and Temp data to remove any motion artefacts. To exclude non-steady-state data, 10s of data were removed from the begging and end of each activity trial. Missing values were replaced by linear interpolation.
B. Feature Extraction and Selection
From each sensor modality, a few time and frequency domain features were extracted.
HR feature set: The time domain features included mean, variance, standard deviation, skewness, kurtosis, median, numerical gradient, on and off response. Additionally, the number of times HR increased and decreased were computed, normalised for window size.
R-R interval feature set: The time domain features extracted from the RR interval data included mean, variance, standard deviation, skewness, kurtosis, median, standard deviation of successive differences between adjoining normal cycles (SDSD), Square root of the mean squared difference of successive RR-intervals (rMSSD), Number of pairs of successive RR-intervals that differ by more than 20 ms/length (pNN20), Number of pairs of successive RR-intervals that differ by more than 50 ms/length (pNN50). Frequency features included spectral energy density (aVLF, aLF, aHF), relative power (pVLF, pLF, pHF), and normalised power (nLF, nHF) of very low frequency (0 -0.04 Hz), low frequency (0.04 -0.15 Hz), and high frequency (0.15 -0.40 Hz) components. Total spectral energy density (aTotal), and ratio between LF and HF band energy (LF/HF) were also extracted.
Eda feature set: The time domain features included mean, variance, standard deviation, skewness, kurtosis, and median.
Temp feature set: The time domain features included mean, variance, standard deviation, skewness, kurtosis, and median.
Person-level features:
These features were always used with the sensor features in the regression models. Person level features included height, weight, age, BMI, gender, total PA time, weekly PA sessions, and PA status.
Before the regression, each feature was normalized to a zero mean and unit variance. Then, the size of the feature vector was reduced by selecting only the best 10 features using a minimum-redundancy-maximum-relevance feature selection (MRMR) method [21] . For an example, the best 10 features selected from the fused feature of RR, Eda, and Temp were: 1) median(RR), 2) mean(Temp), 3) aTotal(RR), 4) aHF(RR), 5) mean(Eda), 6) pNN20(RR), 7) aVLF(RR), 8) mean(RR), 9) skewness(RR), 10) aLF(RR).
C. Regression Algorithms
There is a linear relationship between the sensor data and relative intensity [22, 23] . For example, relative intensity usually increases with the increase of heart rate. Eda value represents sweating which also usually increases with the relative intensity [24] . Considering these, this study selected linear regression and a SVM regression with a linear kernel for predicting the relative intensities. Both regression algorithms were implemented in Matlab (version 2017a).
At first, the regression algorithms were applied separately on the features extracted from each individual modality. Then the features of multiple modalities were merged together to form all possible feature combinations. Regression algorithms were applied to all feature combinations to investigate if using multiple modalities can improve prediction performance.
IV. PERFORMANCE EVALUATION
Performance was evaluated using the root-mean-square error (RMSE). For n different predictions, if are the predicted values by the model and are the original values, the RMSE can be calculated using the following equation:
To consider the large inter-individual variability, this study used leave one subject out cross validation, where data from one subject are used for testing and the other subjects' samples are used for training. In this way, samples of each subject are used exactly once for testing. The predicted relative intensity for each subject were combined and RMSE was derived from the complete set. Figure 2 shows the regression performances for the single modality models. In both linear regression and SVM regression, models based on RR features provided the best performance. The RMSE of RR models were 1.98 and 1.99 in linear and SVM regression, respectively. HR models also performed well compared to Eda and Temp with RMSEs of 2.07 and 2.11 for linear and SVM regression respectively. Temp features provided the worst performance with significantly higher RMSE values. Eda provided the second worst performance. Table 1 lists the RMSE values for models developed by fusing the features of multiple modalities. For both regression algorithms, the combination of RR, Eda, and Temp yielded the best performance, outperforming the best single modality (RR) models. HR was not able to add further information beyond that provided by RR. For example, addition of HR with the RR (HR+RR) did not exceed the performance of RR only. Our results confirm that features derived from heart-rate data (HR and RR features) are better predictors of relative intensity than other physiological modalities (Eda and Temp). Nevertheless, Eda and Temp data are valuable when used to predict relative PA intensity in combination with HR or RR.
V. EXPERIMENTAL RESULTS
A. Performance from using a single modality
VI. CONCLUSION
This study developed regression models from multimodal physiological data to predict relative PA intensity. It used physiological sensor data collected from 22 individuals, when they were performing physical activities ranging from sedentary to vigorous intensity. Borg's RPE scale served as a ground truth measure of relative intensity requiring no laboratory testing or predictions of HR max. Two regression algorithms were applied on the features extracted from the physiological data to identify the best single modality for relative intensity prediction. Then, we fused the features and applied regression algorithms on all combinations of the features to identify the best combination of modalities for relative PA intensity prediction. The leave one subject out cross-validation results showed that RR features provided the best prediction performance compared to other single modalities. The best prediction combination of modalities was RR, Eda, and Temp. Both regression algorithms performed similarly in all cases. The study identified that, for the prediction of relative PA intensity, Eda and Temp are not good features by themselves, but they can provide additional information and improve prediction performance when combined with RR or HR.
